data in narrow spectral bands (5 to 12 nm) in the visible to mid-infrared regions of the spectrum (Mausel et al., 1992; Everitt et al., 1995; Escobar et al., 1998) . Most airborne imaging systems can provide multispectral image data at spatial resolutions ranging from less than 1 m to a few meters and at narrow spectral bands in the visible to near-infrared (NIR) regions of the electromagnetic spectrum. Airborne multispectral imagery has been widely used for assessing withinfield crop growth conditions (Moran et al., 1997; Pinter et al., 2003) and for estimating crop yields (Senay et al., 1998; GopalaPillai and Tian, 1999; Yang and Anderson, 1999; Yang and Everitt, 2002; Dobermann and Ping, 2004; Inman et al., 2008) .
In recent years, airborne hyperspectral imagery has been evaluated for yield estimation (Goel et al., 2003; Yang et al., 2004a; Jang et al., 2005; Zarco-Tejada et al., 2005) . Hyperspectral imagery contains tens to hundreds of narrow spectral bands. These nearly contiguous spectral data have the potential for better differentiation and estimation of biophysical attributes of interest. Thenkabail et al. (2000) used ground reflectance data measured in 490 discrete narrow bands between 350 and 1050 nm to characterize yield and other crop biophysical variables. They calculated narrow-band normalized difference vegetation indices (NDVIs) involving all possible two-band combinations of all the bands and identified the best narrow-band NDVIs for each crop variable. Yang et al. (2004a) applied stepwise regression analysis on grain sorghum yield monitor data and airborne hyperspectral imagery to identify optimum band combinations for mapping yield variability. They also used principal components analysis (PCA) and stepwise regression to select the significant prin-cipal components to account for the yield variability. To demonstrate the advantage of narrow hyperspectral bands over broad multispectral bands for yield estimation, Yang et al. (2004b) aggregated hyperspectral bands into the Landsat-7 ETM+ sensor's four broad visible and NIR bands and found that the combinations of significant narrow bands explained more yield variability than the four broad bands.
Commercial availability of high-resolution satellite data provides new opportunities for precision agriculture and other applications that require high-resolution remote sensing data. The IKONOS high-resolution satellite sensor captures four channels of multispectral data at 4 m resolution and one panchromatic channel at 1 m resolution. The QuickBird sensor provides four channels of multispectral data at 2.4 m (atĂnadir) or 2.8 m (off nadir) resolution and one panchromatic channel with 0.6 or 0.7 m resolution. These two satellite sensors have significantly narrowed the gap in spatial resolution between satellite and airborne imagery. Moreover, the high revisit frequency and fast turnaround time of these satellites are certainly advantages over traditional satellites. These advantages combined with their relatively large aerial coverage and ability to take imagery over any geographic area make high-resolution satellite imagery even more attractive than aerial photos and airborne imagery for some applications. IKONOS and QuickBird imagery has been evaluated for assessing crop yields (Chang et al., 2003; Dobermann and Ping, 2004; Yang et al., 2006) . Moreover, Yang et al. (2006) compared QuickBird satellite imagery with airborne multispectral imagery for mapping yield variability and found that both types of imagery had similar correlations with yield.
As more remote sensing imagery is becoming available, it is necessary to compare different types of imagery for yield estimation. Although limited research has been conducted to compare the differences in estimating yield between airborne hyperspectral imagery and simulated broad-band multispectral imagery, as well as between satellite multispectral imagery and airborne multispectral imagery, there is no report on the comparison between airborne multispectral and hyperspectral imagery for yield estimation. The objectives of this study were to: (1) use NDVI-type indices and principal components derived from simultaneously acquired multispectral and hyperspectral imagery to compare the differences in correlations with yield between the two types of imagery, and (2)Ăgenerate three-band and four-band imagery from the hyperspectral imagery to simulate the airborne multispectral imagery and QuickBird satellite imagery, respectively, and compare the simulated imagery with the actual imagery for yield estimation.
METHODS

IMAGERY AND YIELD DATA COLLECTION AND PROCESSING
The study area was located in an intensively cropped area in the Rio Grande Valley of south Texas. Four irrigated grain sorghum fields, owned and managed by Rio Farms, Inc., at Monte Alto, Texas, were selected for this study ( fig. 1 ). These fields were 13.6, 14.0, 13.4, and 22.1 ha in size and designated as fields 1 through 4, respectively. The soils in these fields were dominantly sandy loam. Grain sorghum and cotton were normally grown in rotation in these fields. Grain sorghum (AgriPro 9850) was planted in late February to field 1 in 2000 and to the other three fields in 2001. Grain was harvested in late June in each of the two years.
A multispectral imaging system described by (Escobar et al., 1997) was used to acquire CIR imagery from the fields. The multispectral system consisted of three Kodak MegaPlus digital charge-coupled device (CCD) cameras (Eastman Kodak Company, Rochester, N.Y.) and a computer equipped with three image digitizing boards (DALSA, Billerica, Mass.) that had the capability of obtaining image frames with 1024 × 1024 pixels. The cameras were sensitive in the visible to NIR region (400-1000 nm) and had a built-in A/D converter that produced a digital output signal with 256 gray levels. The three cameras were filtered for spectral observations in the green (555-565 nm), red (625-635 nm), and NIR (845-857Ănm) wavelength intervals, respectively.
An airborne hyperspectral imaging system described by Yang et al. (2003) was used to acquire hyperspectral imagery from the fields. The hyperspectral system consisted of a SuperVGA SensiCam high-performance digital CCD camera (1280 × 1024 pixels) sensitive in the 280-1000 nm spectral range (Cooke Corp., Ltd., Auburn Hills, Mich.), a prismgrating-prism ImSpector V9 hyperspectral filter (Spectral Imaging, Ltd., Oulu, Finland), a Xenoplan 1.4/17 mm compact lens (Schneider Optics, Inc., Hauppauge, N.Y.) , and a PC equipped with a frame grabbing board and camera utility software. For this study, the hyperspectral system was configured with a horizontal binning of 2 and a vertical binning of 8 to capture imagery with 128 bands covering a spectral range from 457.2 to 921.7 nm at 3.63 nm intervals. The imagery had a swath width of 640 pixels and a radiometric resolution of 12 bits.
The SensiCam camera and the three MegaPlus cameras were mounted on a light aluminum frame and aligned with each other. Since the SensiCam camera had similar sensor areas to the three Megaplus cameras, to ensure that both imaging systems provided similar ground coverage along the cross-track direction, the lenses attached to all four cameras had the same focal length (17 mm). The three-camera system was used not only for image acquisition but also as a viewfinder to locate the target, since the hyperspectral system did not provide an overall view of the imaging area (only one scan line at a time). A Cessna 206 single-engine aircraft was used as the platform for image acquisition. No stabilizer or inertial measurement device (IMU) was used to dampen or measure platform variations, but care was taken to minimize the effects of winds and changes in the aircraft's speed and flight direction. For the given number of bands to be captured and the sizes of the fields to be imaged, a flight height of 1680Ăm above ground level and a flight speed of 150 km/h were predetermined. The aircraft was stabilized and maintained at the predetermined flight altitude, speed, and direction during the scanning process. Multispectral and hyperspectral images were acquired under sunny and calm conditions from fieldĂ1 on 27 April 2000 and from fields 2 through 4 on 18 May 2001 after the crop achieved its maximum canopy cover. The swath of the imagery was approximately 840 m, and the ground pixel size achieved was 1.3 m.
Geometric distortions in the hyperspectral imagery due to the variations of the platform were corrected using the reference line approach described by Yang et al. (2003) . A reference line, such as a straight field boundary or a road within the image area and approximately parallel to the flight line, was first identified and the corresponding distorted line on the raw image was manually digitized. Then the shift in pixels between the reference line and the distorted line was determined for each row of the raw image. Finally, each row was shifted in the cross-track direction by the number of pixels determined.
The NIR, red, and green band images in the CIR composite image were registered to one another to correct the misalignments among the bands. The aligned multispectral images and the geometrically restored hyperspectral images were rectified based on georeferenced photographic images for the fields, which were taken in the growing seasons and rectified to the Universal Transverse Mercator (UTM), World Geodetic Survey 1984 (WGS-84), Zone 14, coordinate system. The rectified photographic images had root mean square (RMS) errors of 1.0 to 1.5 m for all the sites based on the ground control points (GCPs) collected with a submeter-accuracy Global Positioning System (GPS) Pathfinder Pro XRS receiver (Trimble Navigation Limited, Sunnyvale, Cal.). Both the multispectral and hyperspectral images were resampled to 1 m pixel resolution using the nearest-neighbor algorithm during the rectification process. The RMS errors were less than 2 m for the rectified multispectral imagery and between 3 and 4 m for the hyperspectral images based on first-order polynomial transformations. The relatively high RMS errors for the hyperspectral imagery were mainly due to other geometric distortions not corrected by the reference line method.
For radiometric calibration, three 8 × 8 m tarpaulins with nominal reflectance values of 4%, 32%, and 48%, respectively, were placed near the fields during image acquisition. Actual reflectance values from the tarpaulins were measured using a FieldSpec HandHeld spectroradiometer (Analytical Spectral Devices, Inc., Boulder, Colo.) sensitive in the 350 to 1050 nm portion of the spectrum with a spectral sampling interval of 1.4 nm. The rectified multispectral images were converted to reflectance based on three empirical line calibration equations (one for each band) relating reflectance values to the digital count values extracted from the three tarpaulins on the images. Similarly, the rectified hyperspectral images were converted to reflectance based on 128 empirical line calibration equations relating reflectance values to the digital count values extracted from the three tarpaulins on the images. All procedures for image rectification and radiometric calibration were performed using ERDAS Imagine (Leica Geosystems Geospatial Imaging, LLC, Norcross, Ga.). Because the SensiCam camera had low quantum efficiency near the NIR end of the observed spectrum, the reflectance values for wavelengths greater than 845 nm dropped sharply. In addition, the first few bands in the blue region appeared to be noisy. Therefore, bands 1 through 5 and bands 108 through 128 (a total of 26 bands) were removed from each hyperspectral image, and the remaining 102 bands with wavelengths from 475 to 845 nm were used for analysis.
Yield data were collected using an Ag Leader Yield Monitor 2000 system (Ag Leader Technology, Ames, Iowa). Instantaneous yield, moisture, and GPS data were simultaneously recorded at 1 s intervals. The yield monitor was calibrated each year to ensure data accuracy before grain was harvested. The combine equipped with the yield monitoring system had an effective cutting width of 8.7 m. The yield and GPS data from the yield monitor were viewed, cleaned, and then exported in ASCII format using SMS Basic software (AgĂLeader Technology, Ames, Iowa). An optimum time lag of 14 s was determined to align yield with position data, and the yield data were adjusted to 14% moisture content.
IMAGE AGGREGATION, NDVI CALCULATION, AND STATISTICAL ANALYSIS
In addition to the CIR and hyperspectral imagery collected with the two imaging systems, the hyperspectral imagery was aggregated to three-band and four-band imagery with wavebands corresponding to the collected CIR multispectral imagery and to standard QuickBird four-band imagery, respectively. The four spectral bands and their wavelength ranges for standard QuickBird imagery are blue (450-520Ănm), green (520-600 nm), red (630-690 nm), and NIR (760-900 nm). The hyperspectral imagery did not cover the full spectral ranges for the QuickBird blue and NIR bands, nor did it cover the spectral range for the MegaPlus NIR band. Thus, the simulated QuickBird imagery had blue wavelengths from 475 to 520 nm and NIR wavelengths from 760 to 845 nm, and the simulated MegaPlus imagery had NIR wavelengths from 829 to 845 nm.
For integration of the images and yield data, the four types of imagery were converted from ERDAS Imagine into grids in ArcInfo (ESRI, Inc., Redlands, Cal.). The preprocessed yield data were imported into ArcInfo. Since the combine's effective cutting width was 8.7 m and yield samples were col-lected at every 2.2 m along the pass, the yield data had coarser spatial resolution than the image data. Although it was possible to resample the yield data to match the pixel sizes of the image data, smaller pixel sizes may lead to higher random errors due to the positional errors in the imagery and measurement errors in the yield data. Therefore, it was more appropriate to aggregate the image data to match the yield data. All four types of imagery were aggregated by a factor of 9 to increase the cell size from 1 m to 9 m. This aggregated cell size also ensured that the yield data more closely aligned with the image cells. The reflectance value for each output cell of each band image was the mean of the 9 × 9 input cells that the 9 m × 9 m output cell encompassed. The yield value for each output cell was the mean of the yield points falling within the 9 m × 9 m output cell. On the average, each output cell contained an average of four to five yield points.
NDVIs involving all possible two-band combinations were calculated from each of the four types of the imagery using the following formula:
where R i is the reflectance for band i, i = 1, 2, ..., n -1; j = i + 1, ..., n; and n = number of bands. The actual and simulated three-band MegaPlus imagery each had 3!/(2!1!) = 3 NDVIs, and the simulated four-band QuickBird imagery had 4!/(2!2!) = 6 NDVIs. The 102-band hyperspectral imagery had 102!/(100!2!) = 5151 NDVIs. Principal components were derived from each type of imagery to remove the spectral redundancy in the raw image data. Correlation coefficients with yield were calculated for the original bands, NDVIs, and principal components for each image type. Stepwise regression was performed to determine the amount of yield variability explained by the significant principal components for each type of imagery. SAS software (SAS Institute, Inc., Cary, N.C.) was used for statistical analysis. Figure 2 shows plots of correlation coefficients between grain yield and spectral bands for the four types of imagery for fields 1 through 4. Grain yield was negatively related to the visible bands and positively related to the NIR bands. Correlation coefficients for the hyperspectral imagery changed sharply from negative to positive between 720 and 750 nm and flattened off after 760 nm. The r-values for fieldĂ1 were almost constant in the visible region with a magnitude of slightly less than 0.8 and were also about constant in the NIR region with a magnitude of slightly larger than 0.8. The absolute r-values for fields 2 through 4 were obviously lower than those for field 1, and the r-value plots for the three fields appeared to be slightly noisier. The differences in r-values among the four fields were probably due to the different growing seasons and the actual growing conditions within the fields. The crop was at the boot to half-bloom stages when the imagery was taken in 2000, while in 2001 the crop was at softdough stage. The difference in crop stage may have also contributed to the difference in r-values between the two years. Table 1 presents the univariate statistics of yield among the four fields, and the mean yields were 3436, 3555, 1884, and 3253 kg/ha, respectively, for fields 1 through 4.
RESULTS AND DISCUSSION CORRELATIONS BETWEEN YIELD AND SPECTRAL BANDS
One distinct characteristic of the plots is that the r-values varied parabolically in the green region, with the lowest absolute r-values around 560 nm. Moreover, the overall shape of these plots is coincidently similar to that of a typical vegetation spectrum (Campbell, 2002) . The r-values for the other three types of multispectral imagery were very similar to those for the corresponding hyperspectral bands, indicating that individual narrow bands can be as effective as individual broad bands for yield estimation. Figure 3 shows contour maps of the mean values for the 5151 narrow-band NDVIs derived from the 102-band airborne hyperspectral images for fields 1 through 4. When band i = band j, NDVI ij = 0, as shown by the diagonal line. Although it is sufficient to show the contour map below or above the diagonal line for each field, a square map is presented based on the symmetry of the NDVI values for the 5151 band pairs. Despite the differences in imaging dates and growing conditions, the four fields had similar ranges and patterns in the mean NDVI values. When both bands in a pair had wavelengths between 550 nm and 720 nm or greater than 750 nm, the mean NDVI values were generally less than 0.1. When one band in a pair had wavelengths below 700 nm and the other band had wavelengths above 750 nm, the mean NDVI values were generally over 0.6. Figure 4 shows contour maps of the absolute r-values between yield and all the NDVIs for fields 1 through 4. Since NDVI ij Ă= 0 when band i = band j, r-values do not exist on the diagonal line. Similarly, a square map is presented based on the symmetry of the absolute r-values for the 5151 band pairs. These contour maps clearly illustrate the r-value distributions for all the band pairs. A visual comparison of figures 3 and 4 indicates that the correlation contour maps contain some of the characteristics shown in the NDVI contour maps. Although the magnitude of the r-values differed among the four fields, the four contour maps reveal similar patterns in the r-values. When both bands in a pair had wavelengths greater than 750 nm, the r-values were generally low. When one band in a pair had wavelengths below 720 nm and the other band had wavelengths above 720 nm, the r-values were generally high. Moreover, when one band had wavelengths around 550Ănm and the other band had wavelengths around 500 nm, the r-values were also generally high. The same is true when one band had wavelengths around 650 nm and the other band had wavelengths around 560 nm. However, the wavelength ranges for obtaining high r-values were slightly different among the four fields. The best r-values were achieved at different wavelengths for each field. For field 1, the best r-values occurred when one band was around 730 nm and the other was over 760 nm. For field 2, the best r-values were achieved when one band had wavelengths around 760 nm or 790 nm and the other had wavelengths between 520 and 620Ănm. Interestingly, the best r-values for field 3 occurred when one band was around 560 nm and the other was around 510 nm. For field 4, the best r-values were obtained when one band had wavelengths about 820 nm and the other band had wavelengths between 510 and 550 nm. The best r-values could also be achieved with other band pairs for fields 2 and 4, as shown in the contour maps. Although it was more likely to obtain better NDVI images by selecting one band with wavelengths below 720 nm and the other above 720 nm, the best NDVI images were different for each field. Table 2 summarizes the univariate statistics of absolute correlation coefficients between grain yield and all 5151 NDVIs derived from the 102-band hyperspectral images for [d] 0.093 0.079 0.079 0.079 [a] Calculated based on 5151 NDVIs for each field:
CORRELATIONS BETWEEN YIELD AND NDVIS
, where R i is the reflectance for band i; i = 1, 2, ..., 101; and j = i + 1, ..., 102.
[b] SD = standard deviation.
[c] Number of points used to calculate the 5151 r-values. [d] Minimum r-value to be significant at the 0.0001 level.
fields 1 through 4. The minimum r-values were essentially 0 for all four fields, and the maximum r-values were 0.88, 0.78, 0.71, and 0.63 for fields 1 through 4, respectively. Clearly, the best NDVIs resulted in higher correlations with yield than any of the 102 individual bands. Table 3 presents the absolute correlation coefficients between grain sorghum yield and all possible two-band NDVIs derived from the other three types of multispectral imagery for fields 1 through 4. The best r-values based on all three types of imagery were 0.85, 0.76, 0.65, and 0.59 for fields 1 through 4, respectively. These best values were smaller than the maximum r-values based on the best NDVIs from the hyperspectral imagery for the respective fields. The maximum r-values based on the MegaPlus imagery were 0.85, 0.76, 0.57, and 0.56, respectively, for fields 1 through 4, compared with the maximum r-values of 0.83, 0.73, 0.51, and 0.58 based on simulated MegaPlus imagery and the maximum r-values of 0.83, 0.75, 0.65, and 0.59 based on the simulated QuickBird imagery for the respective fields. The actual MegaPlus imagery had slightly higher maximum r-values than the two types of simulated imagery for fields 1 and 2, but the simulated QuickBird imagery had higher maximum r-values than the actual and simulated MegaPlus imagery for fields 3 and 4. Especially, the blue band in the simulated QuickBird imagery appeared to have provided additional information for field 3. The performance of the NDVIs varied with field and imagery type, and no particular NDVI was consistently better than the others. Table 4 gives univariate statistics of the best NDVI-type indices for the three types of the multispectral images for fields 1 through 4. The NDVI values in fieldsĂ1 and 2 were higher than those in fields 3 and 4. This is because the best NDVIs were derived from the NIR band and a visible band in fields 1 and 2, while the best NDVIs were generated from two visible bands in fields 3 and 4.
STEPWISE REGRESSION BASED ON PRINCIPAL COMPONENTS
Correlation matrices among the 102 bands of the hyperspectral images indicated that many of the bands were highly correlated. To eliminate the redundancy in the image data, [b] 0.093 0.079 0.079 0.079 [a] NDVI = (R band1 -R band2 )/(R band1 + R band2 ). [b] Minimum r-value to be significant at the 0.0001 level. the original 102-band images were transformed into 102 unrelated, independent principal components. For similar reasons, the other three types of multispectral imagery were also transformed into their respective principal components. Table 5 summarizes the coefficients of determination (R 2 ) for relating grain yield to the significant principal components for each of the four types of imagery for fields 1 through 4. For comparison, the R 2 values for relating grain yield to the best single NDVIs for each image type are also presented in the table. The significant principal components derived from the hyperspectral images explained more variability than those derived from any of the other three types of imagery for each field. This may be partially due to the fact that the hyperspectral imagery had more significant principal components (11, 13, 19 , and 23 for fields 1 through 4, respectively) than the other three types of imagery (three for MegaPlus imagery or four for QuickBird). However, if only the best four significant principal components were included in the regression models, then the R 2 values were 0.80, 0.66, 0.49, and 0.47 for the respective fields, which are still higher than the corresponding values for any of the other three types of imagery. Compared with the best NDVIs, the significant principal components derived from the hyperspectral images explained 82%, 72%, 67%, and 64% of the variability in yield for fields 1 through 4, respectively, which are higher than the corresponding values of 77%, 61%, 51%, and 40% explained by the best single NDVIs for the respective fields. The advantage of using hyperspectral imagery over multispectral imagery is very obvious for fields 2 through 4, where the r-values were generally low for all individual bands. For example, the MegaPlus multispectral imagery only explained 33% of the variability in yield, while the hyperspectral imagery explained 64% of the variability. These results indicate that hyperspectral imagery has the potential for significantly improving yield estimation accuracy, especially when multispectral imagery cannot sufficiently account for the variability in yield.
SUMMARY AND CONCLUSIONS
This study illustrated the use of NDVI and principal component analysis for comparing multispectral and hyperspectral imagery for yield estimation. Airborne hyperspectral imagery collected from four grain sorghum fields was aggregated into three-band imagery and four-band imagery to simulate actually collected multispectral imagery and standard QuickBird imagery, respectively. NDVI and principal component analysis results showed that the hyperspectral imagery explained more variability in grain sorghum yield than the multispectral imagery, especially for fields 3 and 4 where the r-values were generally low between yield and individual bands. The simulated four-band QuickBird imagery was not as good as the hyperspectral imagery for yield estimation, but performed as effectively as or better than the actual or simulated three-band imagery for the four fields. There results indicate that additional bands in remotely sensed imagery have the potential to provide better results for crop yield estimation. However, the number of narrow-band NDVIs for a hyperspectral image can be so large that it might not always be practical to find the optimum NDVI for each set of data. Therefore, it may be more practical to use such techniques as spectral unmixing and spectral angle mapper that can convert a hyperspectral image to a single image to characterize the spatial variability in yield. Further research is needed to determine the advantages and disadvantages of using hyperspectral imagery for yield estimation as compared with multispectral imagery for different crops.
